Background: Many animals are known to have improved navigational efficiency when moving together as a social group. One potential mechanism for social group navigation is known as the 'many wrongs principle', where information from many inaccurate compasses is pooled across the group. In order to understand how animal groups may use the many wrongs principle to navigate, it is important to consider how directional information is transferred and shared within the group.
Background
Many animal species are highly social and belonging to a group is known to have a number of benefits such as predator avoidance, foraging, mating, etc. [1] . Group membership may also improve consensus decision-making [2] [3] [4] and can provide navigational benefits to animals [5] [6] [7] [8] .
Here, we investigate group navigation, the ability of animal groups to direct their movement towards a spatial target (e.g. a source of food or a roosting site [5] [6] [7] [8] ), a process known as 'taxis' if it is based on local environmental cues [9] . At the level of the group, 'collective taxis' does not necessarily require individual level taxis to be present. For example, [10] demonstrated how a combination of individual kinesis (an undirected movement response to a stimulus) and group cohesion results in taxis at the group level. However, many animal species are known to perform taxis at the individual level [9] . In this context, improved group navigation can be explained by mechanisms ranging along a continuum of shared decision-making mechanisms. At one end of this continuum, decisions may not be shared and group navigation can be explained by the 'leader-follower' model, where individuals with little or no navigational knowledge follow leaders (who have good or perfect directional information), and the group is able to make decisions and navigate efficiently [6, [11] [12] [13] . In such cases, individuals with little or no navigational knowledge perform improved navigation by following leaders. At the other end of the continuum, decisions can be considered to be shared evenly between group members since all individuals in the group have equally poor navigation abilities and there are no leaders (the 'many wrongs principle'; [5] ). In this case, the group navigation performance is improved through 'the pooling of many inaccurate compasses' , while group cohesion acts to suppress navigation errors [5] . Findings in various empirical studies on navigating animal groups such as migrating birds [14, 15] , and humans [16] , match the predictions of the many wrongs principle and it has been hypothesised as a mechanism used by larval reef fish navigating and recruiting to suitable coral reef habitats [17, 18] . It should be noted that it is of course possible that leaders in the 'leader-follower' model could also benefit from pooling and sharing of navigational information. However, similar to [7] , in this study we consider a homogenous group where individuals have equal navigational ability and there are no 'leaders'.
Simulations can be a useful exploratory tool to study the many wrongs hypothesis of animal group navigation in various contexts [19, 20] . For example, Hancock et al. [21] considered a localised search problem and explored how the many wrongs principle might evolve in a population of foraging mammals. In the context of a global navigation problem, Grünbaum developed an individualbased model for taxis in a noisy environment based on turning rates [19] . A key finding of Grünbaum's study was that, in certain situations, high alignment turning rates (corresponding to stronger social interactions) made groups less flexible by prolonging group movement directions that had become erroneous [19] . The fact that stronger social interactions may not always be beneficial for group navigation is a concept that we will revisit in our simulation results. Guttal & Couzin [22] and Torney et al. [23] used simulations to conceptually demonstrate how both the 'leader-follower' and the 'many-wrongs' model for group navigation can evolve in animal populations where individual fitness is obtained by balancing navigation success against costs of investment into navigation or social abilities. Codling et al. [7] showed that the many wrongs principle can be a successful strategy for homogeneous animal groups navigating towards a fixed target. Specifically, in [7] the authors considered a model where individuals navigate by partially copying the movement direction of their nearest neighbours and equally weighting this information relative to their own individual navigational knowledge. The choice of an equal weighting between these two sources of directional information was arbitrary and a systematic study of the effect of using different weightings on the group navigation efficiency was not undertaken [7] . However, earlier work on individual navigation (taxis) by Benhamou & Bovet [24] demonstrated that the optimal weighting between a tactic component (navigation) and persistence (the tendency to continue moving in the same direction) is as low as 10% taxis, and this holds for all levels of individual navigation error. In addition, various studies have shown that there may be an optimal number of influential neighbours that contribute to information sharing [25] [26] [27] [28] .
In this paper we extend the simulation model used in [7] and explore the information-sharing and copying dynamics of a leaderless social animal group navigating towards a fixed circular target in a virtual environment. We assume that communication and information-sharing is indirect and arises through individuals partially copying the movement direction of their neighbours and weighting this information relative to their individual navigational knowledge. To assess how well simulated groups are able to navigate towards the target, we compute the navigational efficiency, which is inspired by and follows the terminology of previously developed metrics for the navigation performance of individual-level movement towards a target [24] . The navigational efficiency ranges in value from 1 (movement in a straight line directly towards the target), through 0 (no net movement towards or away from the target), to −1 (movement in a straight line directly away from the target). We find that the strategy that gives the best group navigation performance is when individuals directly copy the movement direction of their nearest neighbours while only giving a small (c6%) weighting to their individual navigational knowledge. Navigation performance improves asymptotically with the number of influential neighbours, and there is little relative navigational gain by copying more than 7 neighbours. This navigation strategy is shown to perform well regardless of the level of individual navigational error.
Results
As shown in Table 1 , we consider a range of values for the weighting given to individual navigation, w, the number of influential neighbours, k, and the standard deviation of the individual navigation error, ε. We compared all combinations of these parameters systematically and all other parameters in the simulation remain fixed throughout. For each parameter combination tested, we ran 100 replicate simulations.
Effect of individual navigation weighting and number of influential neighbours
In our simulation model, w = 0 corresponds to undirected group movement where there is no navigational element to the movement of any individual (essentially the group moves as an undirected random walk [29] ). In this case the mean navigational efficiency, E, is expected to be below zero, since when moving entirely randomly with no navigation in a two-dimensional environment, it is more likely that the group will move further away from the target than closer to it. This result is indeed found in our simulation results (Figure 1 ) for all levels of the individual navigation error, ε, and number of influential neighbours, k. Note that in the simulation results we are measuring mean average efficiency and it is possible for individual realisations of the simulation to finish with a positive (or negative) efficiency where the group ends the simulation having moved towards (or away) from the target simply by random chance. When the individual navigation weighting is very low (w = 0.01) then, as may be expected, the group navigational efficiency is generally low for all values of ε and k (Figure 2a ). When w = 1, individuals in the group do not copy the movements of their neighbours, and hence no navigational information is shared (k has no effect). In this case, the group navigational efficiency is the same as the expected navigational efficiency for a non-social individual random walker moving with the same level of individual navigational error (Figure 2h ).
At intermediate values of w there is a non-linear relationship between the navigational efficiency, E, and the individual navigation weighting, w (Figure 1 ). The plots in Figure 1a -f are qualitatively similar but show some subtle differences in the navigational efficiency, E, for particular combinations of w and the number of influential neighbours, k, relative to the individual navigational error, ε. In particular, there is a clear peak in navigational efficiency for values of w between 0.04 and approximately 
Figure 1 Navigational efficiency, E, against weighting towards individual navigation, w. The number of influential neighbours is (a) k = 1, 0.25, depending on k and ε. Only in the case of ε = 0 is this peak in navigational efficiency at an intermediate value of w not evident (in such cases the navigational efficiency asymptotes at w = 1). As the individual navigational error increases (ε increases), the highest navigational efficiency occurs at a smaller value of w. For a given value of the individual navigation weighting, w, there is a clear asymptotic relationship between E and k ( Figure 2 ). Hence, for most values of w and ε there is very little relative navigational benefit in increasing k much beyond 7. For example, the largest gain in navigational efficiency through increasing the number of influential neighbours above 7, across all values of w and ε, is a 26% increase in efficiency when increasing from k = 7 to k = 15 for w = 0.3 and ε = 5 (plot omitted). In contrast if k = 7 and ε = 5, then changing from w = 0.3 to w = 0.04 or w = 0.06 leads to a 340% increase in navigational efficiency ( Figure 1d ). In other words, a much larger relative increase in navigational efficiency is gained by increasing the weighting given to copying the movement directions of a small subset of neighbours, rather than increasing the number of neighbours that are copied.
A general strategy for navigation in different environments
The results in Figures 1 and 2 suggest that if the individual navigation error, ε, is low then there is little disadvantage in having a low value of the individual navigation weighting, w (assuming w ≥ 0.02, and depending on the number of influential neighbours, k), although a higher value of w may give a very slightly higher navigation efficiency. However, for high ε there is a clear disadvantage of having a larger value of w (Figure 1 ). This suggests that there may be a small range of values for w that are relatively efficient for all ε. This is particularly relevant for navigating animal groups that may be searching for targets where the level of individual navigation error differs for each target (e.g. because targets are at different distances, have different strengths of orientation cues or signals, etc.).
Our simulation results show that (in general), 0.02 ≤ w ≤ 0.08 give high levels of navigational efficiency across the widest range of values of ε, with smaller values of w being more accurate at the largest individual navigation errors when the number of influential neighbours is lower. In particular, w = 0.06 appears to give the best relative performance across the widest range of values of k and ε (Figure 3 ). When ε ≤ 0.5, there are a few values of w that give slightly better performances than w = 0.06 (Figure 3 ), but the relative difference in efficiency is only ever marginal, and when the individual navigation error increases this relative difference is much greater going in the other direction. For example, w = 1 is 14% more efficient than w = 0.06, when k = 1 and ε = 0 (Figure 3a) . However, when k = 1 and ε = 5, w = 0.06 is 359% more efficient than w = 1. Figure 4 gives the variation in navigational performance across simulation realisations, measured as the coefficient of variation (CV = standard deviation/mean) of d T , the distance of the centre of mass of the group from the target after 500 time steps of the simulation. It should be stressed that the given CV measures the variation in navigational performance, not the actual navigational performance itself (hence a low CV could correspond to consistently poor or consistently good navigational performance). 
Variation in navigational performance
Results shown are the average of 100 simulation runs. Plots for other values of k are qualitatively very similar and are not shown here. The variation in navigational performance is independent of k (except for low values of k and w < 0.04, Figure 4a , b) and is also independent of the individual navigation error, ε. This shows that for a given level of individual navigation error, ε, and a given w, the navigational performance was on average stable across simulation runs. There is a clear trend in decreasing CV as w increases. This is also clearly seen in Figure 2 , where the data appears noisier for w < 0.04 (Figure 2a, b) , but much less noisy for high w (Figure 2e-h ). However, it should be stressed that the CV values observed are quite low, and hence simulation results can be considered stable for w > 0.04 (Figure 4c-h) . It is perhaps unsurprising that w < 0.04 produces higher variation in navigational performance, since we know that w = 0 will lead to entirely random movement by the group as a whole. One final point worth noting is that the value of w leading to the best navigational efficiency, as discussed in a previous section, produces a slightly higher variation in navigational performance than higher values of w (Figure 4c ). Hence although the absolute CV values are still low in this case, this value of w can perhaps be considered as a slightly more risky strategy (in that navigational performance is not as consistent) when compared to higher values of w.
Effect of overall group size
The simulation results discussed above were all completed for an overall group size of N = 40 individuals (Table 1) . To explore the effect of different group sizes, we completed additional simulations with a range of different group sizes, N (Table 1; Figure 5) , for the largest level of individual navigation error, ε = 5 (i.e. the 'worst case' for individual navigation that we consider). In all the cases illustrated in Figure 5 (k = 1, k = 7, k = 15, k = N), it is clear that while group navigation performance increases rapidly with group size for very small groups (N < 10), the performance then either asymptotes or decreases slightly at very large group sizes. This result matches the prediction made by Simons [5] that navigation performance using the "many wrongs principle" would reach a threshold level for large groups. Similarly, Codling et al. [7] demonstrated that a decrease in navigation performance at large group sizes can be explained through the effect of increased collision avoidance at high group densities. In general, Figure 5 illustrates that although there are some small quantitative differences in the results for very low overall group sizes (E is generally slightly lower), the qualitative trends, in terms of which parameter sets (k and w) produce the most accurate navigation, are the same as the results for N =40 (i.e. the best group navigation performance occurs when k = 7 and w = 0.06). Figure 5a shows that when k = 1 and ε = 5, group navigation performance is highest when w = 0.02 (so that each neighbour will have greater influence on other individuals), but the overall group performance is much worse than when k ≥ 7 for the same level of individual navigation error (Figures 2b and  5b,c,d) . In Figure 5d , we assume that k = N, so that each individual will copy the direction of movement of every other individual in the group. Although for large N, this may be beyond the cognitive abilities of most animals (also see Discussion), it serves to act as the extreme case of how individuals may copy others. Nevertheless, comparing Figure 5b significant relative benefit in having a large value of k at large group sizes (when compared to k = 7 or similar).
Discussion
We have used individual-based simulations to explore the information-sharing and copying dynamics of a leaderless social animal group navigating towards a fixed target. We assume that communication and informationsharing is indirect and arises through individuals partially copying the movement direction of their neighbours and weighting this information relative to their individual navigational knowledge of the target direction. We find that a highly efficient strategy in this simulation scenario, regardless of the level of individual navigational error, is for individuals to directly copy the most recent direction of movement of a small subset of their closest neighbours (e.g. k = 7) while only giving a small (e.g. w = 0.06) weighting to their own individual navigational knowledge.
It is clear that the mechanisms behind the many wrongs principle are more complex than assumed in [7] , who only considered an arbitrary assumption of equal weighting (w = 0.5) between individual navigational knowledge and the movement directions of influential neighbours. Our results lead to the hypothesis that 'copying your neighbours' is a better general strategy than relying on your own navigational knowledge when navigating in groups (as long as individuals don't completely rely on others and contribute in a small way to the group decision-making). It is perhaps unsurprising that copying some navigational information from group neighbours is a sensible strategy. However, it is certainly surprising that the most efficient weighting given to individual navigation is so low (w = 0.06 or similar), particularly given that a very low weighting on individual navigation leads to poor navigation or even undirected movement (w ≤ 0.01). The basis behind giving a low weighting to individual navigation can be explained as follows. If your navigational ability is poor (and other group members are equally poor) then it is always better to copy your neighbours, as this allows the group to indirectly share information exactly as Simons [5] described ('the pooling of many inaccurate compasses'). Conversely, if your navigational ability is good (and other group members are equally good) then there is no disadvantage in copying your neighbours (although in such situations, individual navigation would be equally as efficient). If there is no disadvantage to copying your neighbours then this could provide a possible evolutionary basis for the many wrongs principle as an efficient navigation strategy [5, [21] [22] [23] . Of course, this explanation is only valid if we assume the group is homogeneous and all individuals are equally poor (or good) at navigation. The model is likely to break down if some individuals in the group have different objectives e.g. [13] , or if some individuals don't contribute any navigational knowledge or attempt to mislead others (although [3] demonstrated that uninformed individuals can improve consensus decision-making). An obvious extension of our current model would be to consider animal groups where the level of individual navigational error, and also the weighting given by other individuals to specific neighbours, could differ across the group. These additional factors could perhaps be explored in further simulation studies using evolutionary approaches e.g. [30] . Previous theoretical work has demonstrated that both the 'leader-follower' and the 'many-wrongs' model for group navigation can evolve in animal populations where individual fitness is obtained by balancing navigation success against costs of investment into navigation or social abilities [22, 23] . In both studies the relative cost between investment in navigation and social abilities predominantly determines which model for group navigation is selected. We do not study possible evolutionary dynamics here and instead concentrate on conceptual mechanisms for information sharing within a group where there are no leaders present and all individuals have similar levels of navigational ability. Our model further differs from [22] and [23] since we explicitly consider the extent of social interactions (i.e. the number of influential neighbours, k).
It is worth considering how our model facilitates 'copying' , an indirect form of information transfer within the group, and how this is best achieved. This can be considered as a cost/benefit trade-off between individual navigation and information gained from neighbouring group members. If no individual in the group contributes any navigational knowledge (i.e. if w = 0) then the group will move as a non-oriented random walk and will typically never find the target (except by random chance). Conversely, if all individuals navigate independently (i.e. if w ≈ 1) then no advantage is gained by being in a group (the 'many wrongs' does not apply). In our model, k controls the level of influence of the rest of the group on each individual. This is why if w is relatively large (w > 0.25), the group navigational efficiency is improved if k is increased (Figure 2 ), as the group is able to have more influence on individual movement decisions. It is interesting to note that our simulation results showed that, although a higher value of k gave typically higher navigational efficiency in an absolute sense, there was generally very little navigational improvement in a relative sense by increasing k further than 7 influential individuals (i.e. the principle of diminishing returns). This is similar to the optimal number of influential neighbours suggested in other recent studies of collective animal behaviour [26] [27] [28] . In our simulations we did not include a 'cost' for increasing the number of influential neighbours that an individual can respond to and copy. However, it could be argued that larger values of k are not biologically realistic since individuals are likely to have a cognitive limit to the information they can process, and the number of other group members they can respond to, in a short time [26] . More generally, it could be questioned whether animals interact with a fixed number of other group members. For example, empirical evidence on fish suggests alternative interaction ranges and mechanisms based on the visual system [31] . We therefore caution against a literal interpretation of the k-nearest neighbour interaction rule implemented in our model. The basic idea we want to capture with this interaction rule is that individuals can react to a larger or smaller fraction of the group. The specific interaction mechanisms in animals may well differ but our results suggest that while it is beneficial for animals to react to a small number of other group members, the added advantage of continuously reacting to large fractions of the group is negligible (Figure 5d) .
In a study of animal taxis (individual navigation towards a target), Benhamou & Bovet [24] considered the interplay between the 'tactic factor', t (the weighting given to taxis / navigation) and persistence (the tendency for the animal to continue moving in the same direction as it did in the previous time step). In this model, the animal can be thought of as 'copying' information from its past movement to help in making decisions about where to move now (which parallels our model, where individuals copy or indirectly share information from other group members). In [24] the most efficient tactic factor across a range of individual navigational errors was t = 0.1, and this compares very closely to the finding in our model that choosing w = 0.06 is an efficient general strategy. Similarly, the shape of the non-linear curves in Figure 1 of [24] is almost exactly equivalent in a qualitative sense to our Figure 1 . The fact that our results can be linked directly to this earlier study on purely individual navigation (taxis) hint at some interesting universal navigation principles about how to balance individual knowledge of the target with other available information. In particular, it would be interesting to combine our model with that of Benhamou & Bovet [24] and explore the most efficient weighting between individual navigation, individual directional persistence, and copying movement directions of neighbours.
There are many assumptions in our simulation model that could be changed, and results should be considered in this context. As with [7] , we haven't directly modelled blind regions e.g. [6, 32] and this could affect results, particularly when k is large. We have assumed that individuals have navigation errors (that are independent of the distance from the target), but are able to accurately determine the movement directions of their neighbours or movement towards the centre of the group. We include an additional error, ξ = 0.1, that corresponds to possible information processing errors or environmental turbulence, but a full exploration of the effect of increasing this error is beyond the scope of this study.
Conclusions
Our findings suggest that predominantly copying the movement direction of neighbours represents a successful group navigation strategy, irrespective of the level of individual navigation error. Interestingly, this balance between individual navigational information and social information (i.e. the movement of others) suggested by our model closely resembles the balance of taxis and persistence in individual navigation suggested by previous work [24] . Without explicitly considering cognitive limitations of individuals, our model suggests that it is not beneficial (in a relative sense) to individuals to copy more than approximately 7 neighbours.
Our simulation study is a conceptual exploration of the 'many wrongs' navigation problem. Such conceptual studies are important as they can provide useful theoretical insights into the dynamics and mechanisms that may underpin real animal movement. Our model has allowed us to create testable hypotheses about the most efficient way to navigate within a leaderless animal group, and these hypotheses could be tested using methods developed to analyse the movements of real animal groups [33, 34] .
Methods

Simulation structure & virtual environment
Our model is based on the discrete time group movement model in [7] , which is a modified version of a well studied discrete time collective behaviour model e.g. [6, 32, 35] . Time steps and distances in the simulations are given in arbitrary units, have no physical meaning, and are used for comparative purposes only. In general, we assume a group size of N = 40 individuals. Additional simulations completed show that the overall size of the group has little effect once a minimum viable group size is reached ( Figure 5) ; it is the effect of influential neighbours that individuals copy that we are most interested in. Individuals are initially randomly distributed in a square of side length 100 units centred at (x, y) = (0, 0). All individuals in the group are initially aligned in the same direction, which is randomly chosen from a uniform circular distribution. The virtual two-dimensional environment is assumed to be homogenous except for a target site at (x T , y T ) = (0,1000). At each time step every individual in the group simultaneously updates its position according to hierarchical rules based on the location of the nearest neighbour(s) in the group in the previous time step. Individuals move with an average speed of 1 distance unit per time step and the simulations run for 500 time steps, and hence the theoretical maximum distance that the group should reach on average is 500 distance units away from the centre of the target (this is on average since fluctuations in speed can be introduced through a movement error term, see below). Consequently, we do not model movement within the local vicinity of the target and concentrate on the large scale navigation stage.
Given the structure of the virtual environment and the average movement speed of each individual, we define the navigational efficiency of the group as
where d T is the distance from the centre of mass of the group to the centre of the target after 500 time steps of the simulation. Simulations were completed using the R language [36] .
Hierarchical rules of movement Models of the individual-level interactions in animal groups are usually based on a hierarchy of simple behavioural rules [6, 7, 20, 25, 32, 35] and we use a similar approach here. We assume each individual in the group has a radius of collision avoidance, R C , and a radius of orientation interaction, R O . At any given time step the movement behaviour of individual i at position (x i , y i ) is dependent on the distance, d, between itself and its nearest neighbour j at position (x j , y j ). If d < R C , then collision avoidance takes priority and individual i will attempt to move directly away from individual j. The preferred movement direction is given by the unit vector
If R C < d < R O , then navigation takes priority and individual i will attempt to navigate towards the target based on the movement directions of its k nearest neighbours and its own navigational knowledge. The preferred movement direction is given by the unit vector
where w is the weighting given to individual navigation. Here r ind represents the perceived movement direction from the individual's current position directly towards the target and is given by
where (x T , y T ) is the centre of the target and err x~N (0, ε) and err y~N (0, ε) are normally distributed error terms, where the standard deviation, ε, is the parameter that determines the level of individual navigation error.
The group navigation component, r grp , is given by the unit vector average of the previous movement directions of the k closest neighbours:
where v j is the direction of movement of the jth closest neighbour in the previous time step. In Eq. 5, the k closest neighbours of the focal individual are included, whether they are within R O of the focal individual or not. Larger values of k therefore imply that individuals respond to a larger proportion of the group, while larger values of w imply that the response of individuals to the movement of their influential neighbours is weaker.
If d > R O , then group cohesion takes priority and individual i will attempt to rejoin the group by moving directly towards the centre of mass of the group (the mean position of all individuals in the group). The preferred movement direction is given by the unit vector
where
x j ; y j is the centre of mass of the group at the end of the previous time step (calculated including the position of individual i). Note that the model described here is a slight variation on the model of Codling et al. [7] who had an additional radius of cohesion outside which individuals were assumed to have left the group and would navigate and move independently. In addition we have not assumed any 'blind regions' as in some other collective movement models [6] . We assume that all individuals stay within sight of the rest of the group at all times. We choose values of R C = 2 and R O = 15 ( Table 1) that are similar to [7] although this choice is arbitrary. Our aim is to use Table 2 Expected navigational efficiency, E, for an individual asocial random walker navigating using the given standard deviation of individual navigation error, ε values for the interaction radii that ensure globally polarised and cohesive group movement in the absence of navigation. The nature of these interaction rules, together with the fact that all individuals share a common target site, means that the group always maintains a high cohesion level (i.e. it is very unlikely that the group splits into sub-groups in this scenario).
Theoretical navigational efficiency at the individual level
The navigational error term introduced in Eq. (4) can be linked to the standard definition of individual navigation efficiency, which is defined in terms of the average correlation of the direction of each realised move with the goal direction towards the target [24] . We randomly simulated the error on 100,000 independent random movement steps towards an arbitrary goal direction and calculated the average correlation towards this goal direction across each step, for each of the values of ε given in Table 1 . These numerically estimated values are given in Table 2 and can be used to predict the expected navigational efficiency for an individual asocial random walker (w = 1 in our simulations).
Implementing moves
We assume that individuals are subject to an additional noise/error term (corresponding to short-scale information processing or movement errors, or environmental turbulence) when they attempt to move in their chosen preferred direction. If the preferred movement direction is r (corresponding to either Eqs. (2), (3) or (6) depending on the nearest neighbour distance) then we calculate the actual movement direction as follows
where mov x~N (0,ξ) and mov y~N (0,ξ) are normally distributed error terms, where the standard deviation, ξ = 0.1, is fixed and represents movement errors due to shorttime-scale information processing errors or environmental turbulence. Finally, the new spatial position of individual i is updated to be (x' i , y' i ) = (x i , y i ) + v i (and hence the speed of movement is variable due to the introduced movement error/noise). Note that the 'navigation error' is typically much higher than the 'movement error'. Table 1 lists the main parameter values used in the simulations.
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